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Abstract

In the semantic composition methods, the structural methods emphasize the combina-
tion mode of words’ meaning representation guided by structural information. Exist-
ing structural semantic composition methods use external parser to obtain syntactic
structure information, resulting in the separation of syntactic parsing and semantic
composition. The accuracy of syntactic analysis will severely restrict the performance
of semantic composition models, and the inconsistent training data fields will further
aggravate the performance degradation. To solve this problem, this paper proposes a
semantic composition model combined with dependency parsing. On the one hand,
the dependency model is fine-tuned when training the semantic composition model, so
that it can be more suitable for the domain characteristics of the training data used
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by the semantic composition model. On the other hand, we add the intermediate in-
formation representation of dependency to the semantic composition part to obtain
more abundant structural information and semantic information, so as to reduce the
sensitivity of semantic composition model to erroneous results of dependency parsing
and improve the robustness of the model. We take Chinese as the specific research
object, apply semantic combination model to retelling recognition task, and verify the
model proposed in this paper on CTB5 Chinese dependency parsing data and LCQMC
Chinese retelling recognition data. The experimental results show that the prediction
accuracy and F1 value of the method proposed in this paper reach 76.81% and 78.03%
respectively in retelling recognition tasks. We further designed experiments to verify
the effectiveness of joint learning and intermediate information utilization, and made
comparative analysis with relevant representative work.

Keywords: Syntactic analysis , Semantic combination , Joint learning , Graphical
attention network

1 5%

A D& 17 0R A 7 H a0 SRR AT R A IR, NMB R AT BT RN - 1E
B SR A R EEENER S, HEH RN ARG FIE LR R REEEEE M . B
Bl EWAVAE A TR FIMLRE A 7%, O a) FH TR oL, 2407 A FRIE AL
1, SEOREEA])F R oM CIERR M R N A) T80 . POER TP EINRE, Btz RED
WA BERE S, BRI EITE A 78 U FEMEGEHNERENES « KFEAEE R BT 5 U
T CRECE Y, R AEDGE RS SRR AU, KF ANE AT RIE LA A S SRR
FEAMETHZ—-

H Al — S5 s 2 MR IREaEE BERNTR S, WMEWMEPE LA ST, #EdiRkF
SIHTES TN A) F B AFEEAS , SREIRIB IR S 3718 &, EaFILESES ERUET
—E ML (Mou et al., 2016) - HXEFEMFEW TR (1) KESVTFE LA EMHEEE
. WE TIEEE M RHINMEGE O R B RIIRKEEE R, WEEHE LA S ESH DT
AR S BT, T PR T BRI E RRORE - (2) BRI —E . IKESTS
TR A B SREERE AT BER BN FAUE, K2 S BURE 9 T BT R A T8 U A EIRE R &
PR, dFmiemmiE H A BARIERE . (3) BRAHATE S - MH MK 5 e KUK )
FEER, DEEF TG 2] PR AVER, AR AT 8 = A S 5 B AIE UE B
RIDFH, BT T REMFEEER -

o Lo (a]fi, ASCHE U BR AR AT R LA AR . LUK AIERE N RER 11T E
HRROE, ST SAE UIRTE R T S T E AR, RER AR 28T EE BRI H
%, FIRKERRZFERNKLT SHELERSINE LAAGEE, DIRERATE 4 R T £ 15
STIE AR R, BB EARMME BN, BEETIRESITSIELAER
BRA 5], SR IR AT A HE N, IR HRE TR &1 - JATRAE LA A
A TRERRANES, EDGEERAFEIREELCQMC T EZA276.81%, FUHIA
F78.83% o

2 MXRIAE

HRNE A TIEEZER LIS AME: —MERaF IR EmETEHE, FaTFh4&
ARG BT IR &, IWIMREIRESH R0 715 LR R; 55— FILER H avELE
TERIBE GRS, I FH IS K R NHE LR RVE S TR S LRSI, 15388
YRR IA A)FIE LR -

KF T a0 e d o 4B A TR R R B A) 7R S, — PR R A AR R R 1R LR R A N A5 2]
A FIE LR R, — X SR A NiE4 S (Additive Compositionality) (Mikolov et
©2020 FEMTHEIETEAE
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al., 2013). Hu et al. (2015)fE S BEAHEMFEA, RHETZEZEHBIENELEHAT
1% Sutskever et al. (2014)F1Cho et al. (2014)7EM1 52 Hi Fseq2seq (sequence to sequence) &
A, RRNNERLE 5 — 4 B RN B A7 B35 SRR P FHRNN R AT BE S 78 34 H
KEEEE B A (LILSTMMGRUSZM OV E) |, HaTERATERRAE - 7L
Woseq2seqiB B — & B ML A B 8 E R AL AU S5 8 B0 LA & J5 1% - Chen et al
(2017)% [EEIINTELAE & 0035 LH G AR Z B A TR ERRM, [R5 il P 23 (e Aok
MALARSE S HITIE, R A7 KRB RO 2 o 1% 07 1% DLHEC TR 88 @ RO ) 7 B AN U 4
P, Ao BT IRECAESS R AE LHE TT%

8T H AR TG BB OE O AR, DR A5 R (TR U St DL U 1 A R 4 T
AREAL o Zhu et al. (2015)FLSTMEITTHEATIERL, $& HEFXT — X A1¥ELE 14 19S-LSTM,  F)
FILSTMAEWS AT KEE R E BB RRrE, FA ARG B AR M = XS iR 8 AHER A
BEBERT A, IR EIAFRIE LER - Mou et al. (2016)F] FHCONNREM FRAA L3 4 Y745
MR, FEHTBCONN (tree-based convolutional neural network) , FHKFEAIER A Z
HiE SUE BN LIRS, SRJE il i & H AR RA R A 778 UFROR -

FROLTE SCH & T IERI T O AL SR R B, RERS PRS2 A) 7R, ERTAM T AT
WAERIGEH, T FIIERBC N AT MRELLX 5y o S5H10TE CH & TTIARENS SR TR KA A1)
THES, EXHMKED TS EEEEER, FREEE S, BEIEREE K. BT
B o A ST AR XEREROR . T AN AE AT s KB ATRSEH . ATRE = T AiE T
515 HA IR TA—E R, SEENED IR R . ASCH X IE S5 E LA &
EFAERIRIR, & HERERKE DT DOEE LA RAL, FFE T 578 LA G T BT
&, FREKESTTPREERRIMATTE, WEEI R 6715 R -

i ! ; :

. fﬁ\\\?5 Al

IR A s R

S s '
i} x1 x2 x3 x4 BRI

%3
% xl) (x20 x3 (x4
P

E 1 B T RIDOEE U & T R

3 EREKRFSTRIPUEE LA SR

TR S E SR S IR AE AR, ASCHEMa et al. (2018)AUZEA L, BXEHETE
BARE AT, RERKEKEDTAIDOEE AR . E1FR, BATRETE T EA
A IANE A AT « AED I X N P T R R, Rt ie
A B AR R B R EAG BRI AVER R B a5 L &8 B LA RIEA T &

215 - 224 2020 10 30 1 1
(c) 2020



IR

& § //é\\\\\

R :
S R R
i) i s i i —_—
o r HHTEE
——————————————— oo
‘ Biaffine attention :
e |
ﬂ ﬂ ﬂ ﬂ isl h1 hz h3 b -‘_.‘
HEEE
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BiLSTM > LSTM I
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B 2: BRERA T B AE TR

PFHTF R, IMAKESTER S LR EE R, DMRERERE T S T8 S,
MRS A) 7 HHE R -

3.1 ZHTFStack-Pointer NetworksHI{K 7 Mz

Stack-Pointer Networks(StackPTR)J&— 2T KIKF S ITIREL - FATEStackPTRAY
A b, N POERCE W EIAPMC AT R, IS MR R G — 5 AR T A A PR I P K
LR, LU T PR RDGE IR T o StackPTRIEA R BHEZE & 2fiR, Hif—5itH
FEENFET RFRhEERNEENEMEER, FIEANREEARE TR+ RE RN
b4 1E U EH S - StackPTRAHY EAALH 111 W Ma et al. (2018)

3.2 ETHEERNKIECHSGHER

FEEEE 0 A) 78 L TTIE AR, B T E SOT R R R TER B CH S
WA, FRAEES IR SEINEREBIE RS, HIEBENWEMEREERNE, #1753
FORHHEE -

WMEBETR, BT ES HT URBE - F LA R SR E =18« 7 RS ER
FNFIEXFRETRE; 7 LA KRR E SO ERSEH, FEMEKET A
MR BB LT A, A e Z AR08 LA ST ERIIME N FIE A LIE LE BTt &
¥, BEFRATIE R ERR

3.2.1 FYHwBE

%2 Hochreiter and Schmidhuber (1997), FAM#EANMLSTM#4TF LR R - (KFF
AT EE R LT EMER, 8T FENENEEMELER . BATEEERGS
MF AR, WIEFRELTT - S TAENAFe = {z1,20,...,2,}, REBEHLK
BFAFHE R R &R R SIKFE TP REBE R TR, BRFENRESR R RERK
TR ARRILSTM, ZRid A 715 B A8 E A FAE A FHAE LRmm, -

s, N TERAMTFEREEMFIE, HATEXLSTMM A7 M R E — P4 T3
%, BRATFRRm,, ENTFLHAEREFEIME SR -
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3.2.2 FNHRE

BATEVE LH A 1T B2 F BB 71 4% (Hochreiter and Schmidhuber, 1997)# 175 X 3%
RV AETTE, H AR TR TR H R ARERHE N TER T A R R B, 35X
G B T SRR TR A S, EREANT RETER NS BEKET R, WE4PTR -

4: I XAHSTREHIEEHETTH

HATHR 7 LR R PRI G T RoRm AR — DN R, AERFTE T R RRKET 55
SHEEBNIMEHTE, ARSI TR RHBESARARENGTE2RER - JI1E
FHERWR MR EAER NI B, Rt CHERRTE AR

JeV (i)

Hodim, #m; 53 BI R R B FAEHTFE LA ERE B LER, j e VORRT NG
TR, WM H A ZEGERE .

3.2.3 A XEHE

B4 Mou et al. (2016)F0 TA1E, Ff 16 HH L BRVEX F U A HE G BT M & 7 b fb 1
1E, REBREMNATIELER . N T HFATHIELERANZAFRERTW, R R GERE
FEHEER, BATEFEER P E A A ERH T R & E# R T8I . ZREAF
B N E R s, T E AT

1<~ @
e
X n . 7
=1
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Label
T
Classifier
T
> @
X21 X2 X23 """ Xm2
f]F1 H)F2

3.3 Rk
3.3.1 ERRAES

BiRRA I EZ BFREAIWE BRI A A T 2R FAME (8HET) BE L. ASOANTE
FrEMRAES Y, BiRRIMES Sa T8 R RN BE, FIIR HE T E R IR ES BE X
HATHEATIGRFNTEN HE - T RERSTE B ML SN XA R B R R B ERE R, F
ITRAFF B 31 8 iR R ANESS &7 iI38 XER SIHLHEI (Velickovié et al., 2017)FIF)II 4518 S 14
B (Wang et al., 2017), T2 SR H ARG 6) 718 LFRREFIT R AT T = (Hu et
al., 2015), WEEANE)FMILFITE HETTE, REFH S LA TERIIAR -

BATHE RIRBIRB R s FoR, ERAARZER HA0E LH AR (IRESITER SRR+ &
R) WA E A BIHTIEXAEATE, BEIEIIELER - RIFEF 0T 08 L FER
PHEERWMA— R, HBIENREENER

3.3.2 HEREEAIZA

TEHATER A B AR, FATH RN TR —FERIKE S T REH AT TSR,
IRIFAEINERIE LA SR SHKAE ST R S BT RO, A —FREREW MES T
FIIZE -

BT BATESCRTECE R R sl o (RS RO T IO %R, NE T &
BIRBNESS HINGR, FRAEVIGRERE AP XHAF 2 AR o BORR L S BGIAT Sl - A2 ) H bR R R HE
i B MESE SRR R RE S

*C(H) = »Cpar(ecoma edep) = _lOgPpar(y|x7 edepa ecom) (3)

A0 o F10 gopp 73 BIFIRMKAFE DT ANE LH SR ZE, RREIBRAIRE -

BRI FERBIGRRT, P TR KRR MESS ks — MMESS . AR
SRR REY LRI — BRI AT R N GR . Hd, BT IRE T RS RIIERRS, (O AE 73
Bl o> KR S BT 22 5] A T B aRR R RS RIIGRET, RIS B A j AR 7 2
Bothr8>] o« R B bR R Bom id i MEAE SR 5 R RE S

E(Q) = ['dep(edep) + Lpar(ecoma edep) = _logPdep(A|$a edep) - logPpar(y’xa Odepv Hcom) (4)
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0 00, 10 o 57 BN R TRAKTF 53 AT R AH AR I S8, ARIR T BIAR AR A1 HE R 7Y
NE, yRRERKXRZGE . N T HEYIGTREE NTEE, 1S EXKE ST 31T
T 100K -

4 %
4.1 ZLHRE

IR SCAE F AR AR o BT SE S U N =N POEM EECTBS, B iR SEEG B s AL %L
PEELCQMC(Liu et al., 2018) - P MEIREMIR 9 LETTHEIR IR 1FI2F7R -

HORE ATE CPHEK AR FEL
Z%E 18104 44.4 494k 805k
FRE 352 32.8 7k 12k
MmiteE 348 39.5 8k 14k

% 1: CTBSEUERIS

HORE  AEL CPHAK FEC O EFISI
& 239k 10.9 5.2m 0.58
AR E S 9k 12.5 0.2m 0.50
Mi&E 13k 9.7 0.2m 0.50

% 2: LCQMCEIE IS

4.2 ZBEKE

FA 1 A word2vec T. B fEgigaword £ 1B ETYIIZRF W&, FREHEE N1004E; LSTMFE
BZ 2 M400, Dropout®-40.33 - A%k f# FH Adam (Adaptive Moment Estimation) {1t
Y%, RFE TR G 24 5) 225 H0.002, ERiRARAIRI IR 5] 1% E H0.0001 « X T
YRR EE, T NRES IR 2 PR S E T HROE, AT EARE T — M8/
2£>]#20.00001 -

4.3 ELBERSHHT
4.3.1 BRERIIIGR T X I

AT B EERT (pipeline) ~ FZR 7% (pre-train) FIIERIIZ 1L (alternate)
HATSEL, HESRFBNF—ERURESTES LT T e . H, AT E B PR
INTE S IS EE ) R B N0, DV AN CE A es IR A G500 (5 B IR a5t L
%

ERFRMES: = MEAES IR HNES BRI LG RN #R3Fr, ERHHIGFLERIIZ
P AR TEEEAEE R R, BAFERERING T AR IS T T ass 53 -

Ay R Acc(%) F1(%)
Ours (pipeline) Z5ffL (BHE) 72.64  75.74
Ours (pre-train) . N 74.01  76.86
Ours (alternate) ~ fft (&) 76.37  78.03

* 3 BRa AN AAEE R IRBIES LA, Has R

—EUARFE T = DRBLE — (UK AT S5 LR ELEE R AR AFTR, HApiai)iZk
B AR RIS RO B AT R K o TR TR RERE AR, B A& QIR T U R L (IR
NAE -
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A (%) FATERNE%)  HKEFEDHT (%)
Ours (pipeline) 98.25 95.13 85.44
Ours (pre-train)  97.85 94.35 83.04
Ours (alternate)  97.93 94.22 82.13

4 Bea RG0SR AT L Axr s R

RGN BRI, BRRFATHVEC S B — AR TS5 LR R BT (R,
BAESRRANES LR EA FTIRFT - FATIRIERINER2F pTMEE-F 2 a1 R RT b, Bk
PEATEEE TS LB BA T AR AT EE (CTB5) o AU SR, A7 B E
KB ABRNBEMN, SR RBERE (LCQMC) HERGIE EWENR A, AFRREERE
BN OIEL - FREIRESUESAE S U L FERRRZESR, RILBAME 0T R
(1) FHCTB5 EYIZRMRE S TR, FENLCQMCH FIa] FHITHIRE ST ESHHE
MR, RS EOE LA S EBESRIRAES K ERIK:  (2) ROTHIKSRIEEB
MLCQMCHIEIERF ., MRFED TR (S B TE S AR, BREHEACTBS L —#{t
WA IEEEPRE(R, EREBE R HAELCQMCETE LIKE DTG R, HEmiiEiE
ERIRBIMES ERIREE -

4.3.2 KA BRI

FoA T B AR FR 38 S AR o F B AR B T IE B SESS o 43BN b T AR R AR
FLEEME R (without-structure) FIANFEFKFFEEE (without- intermediate) , SELGZER
RSN

XA ACC(%) F1(%)
Ours (alternate) 76.37 78.03
Ours (without-structure) 75.70 76.78

Ours (without- intermediate)  75.86 77.07

® 5 AR B A HLEE R

MNERHPLERAT AN, EFMRKESEE B ERME PRGBS RE R RAIREERHA
B RRE . B EBRIREEME BRI IREONH L, RAREIEE B REWRAE LA
GITERARERE; BRI RGBT R RERE LR, TATHNE LA &R RE i H 3R
A STt R P AR TR MR, S ST E S RN, I—ANFR A -
4.3.3 HXHETENIL

BAEARZ R ETER WS LA GBI, N UG B U E T8,
SEPR TR LR CH BT E TR, RS ARBERITEESIRIRANES LT - X HRIFS
WHFEEIE T (Mean) « ETCNNRIAE (CNN) (Hu et al., 2015)FZETFLSTME 7
% (LSTM) (Sutskever et al., 2014; Cho et al., 2014), Z5HWHERIERHFFFICOEET
PHEETHMZ ML /1 (Tree-CNN) (Mou et al., 2016) - HHFHI L 75 AR B
BSEHE R, EMUTERKES TR FISEE S R B R0 - MR NECFTR -

MITEHCEERAT LV 1, AR EINE # W AE LA &R T, EERRMNES ER
TRIMER R AF ESE SRR T - A BRI RILSTM T %4 AR T 7 0.83%F11.68% - 3
BRI T T IR BEW A SO A ARE A B B R EME R, TR EBUE R RIS SRR,
H R RAE MIFAESS -

teAh, ARSI T V5 Tree- ONNAIFAT | BRI AE B IR RAIESS EERERE, (B
BRI T ERIERER A A T % o FATANIX 2 H TR T B R R IAE S5 B R St
AN—E R, WEEFIE S G TR R EL G, UTE SR T AT H B S A RE
A AR R A A — B [ R
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TR KA Acc(%) F1(%)
Baseline (Mean) 73.21  74.72
CNN FFEIL 7484 76.27
LSTM 75.53 76.31
Tree-CNN N e 72.03  75.46
Ours (pipeline) it (EE) 72.64  75.74
Ours (alternate) Z5Mft (BKG) 76.37 78.03

#* 6: B LHETTEITIEN

4.3.4 S5IHE SRR FIXT
A5 BUAE F A0 B AR IR BB TS (Wang et al., 2017; Devlin et al., 2019)ZELCQMCHTE 4
AR RAT T R, SRWEFTIR -

it ACC(%) F1(%)
BiMPM 83.4 85.0
Bert-large 87.3 -

Ours (alternate)  76.37 78.03

® 7 SR RBIERERT L

W RFH, BATHEREIE S8R5 EE T W EMERE - g, Bl
IWHRXEZARUTRERRESE: 1) WETRER R T EEZER L GERSIHLH (Cross-
Attention) PEATF FIRIIA>], RIRT A1 F B F A BT ER DVLHIRT R, XEERE
WA FF R REBFHTRA, B8 TIELiu et al., 2018)F A X FEE HLHIN & ik 7 HE
FHIERERE T R BERTT - AR P ERIRFUEF AT E B A TIE LH G T RER R
PEATVEAY, BRICR B XER AL, (O B E T - 2) DiBert B ERTUNGRES
RAIFENS BE R T F 1M B AR A A) 7B CGRRIIG ., I HREWAE XSGR P REE
WIE S AR, USRI NI ESSHIMERE - AR T ZEI 8 A& T B R A5 (L5 B A
FIRIRRLER & iAo, (U Fword2vec ISR IR S 7 FE, HIREIER . /a7
DZERAGIATOISRE S A, — DR TP R ik i 2t -

5 B

ASCEPS U LS LIE LA ST R TIRNA L, RIHRSRED T RE AT E X,
FEIERFEIT R R, FEHEER D MSIREREERETE LA STR, A
KA PIENE BXHE HS W BT SGERORETHIE, RITRR & . SEHATHEDN
AR IATIZRE SR, &I 7 FORIIERE, DUtk — D5 THE U & T AR
PERE -

22 SCHk

Qian Chen, Xiaodan Zhu, Zhen-Hua Ling, Si Wei, Hui Jiang, and Diana Inkpen. 2017. Enhanced LSTM
for natural language inference. In Regina Barzilay and Min-Yen Kan, editors, Proceedings of the 55th
Annual Meeting of the Association for Computational Linguistics, ACL 2017, Vancouver, Canada,
July 30 - August 4, Volume 1: Long Papers, pages 1657-1668. Association for Computational Lin-
guistics.

Kyunghyun Cho, Bart van Merrienboer, Caglar Giilgehre, Dzmitry Bahdanau, Fethi Bougares, Holger
Schwenk, and Yoshua Bengio. 2014. Learning phrase representations using RNN encoder-decoder for
statistical machine translation. In Alessandro Moschitti, Bo Pang, and Walter Daelemans, editors,
Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing, EMNLP

215 - 224 2020 10 30 1 1
(c) 2020



HEESY

2014, October 25-29, 2014, Doha, Qatar, A meeting of SIGDAT, a Special Interest Group of the
ACL, pages 1724-1734. ACL.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language understanding. In Jill Burstein, Christy Doran, and
Thamar Solorio, editors, Proceedings of the 2019 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies, NAACL-HLT 2019,
Minneapolis, MN, USA, June 2-7, 2019, Volume 1 (Long and Short Papers), pages 4171-4186.
Association for Computational Linguistics.

Sepp Hochreiter and Jiirgen Schmidhuber. 1997. Long short-term memory. Neural Computation,
9(8):1735-1780.

Baotian Hu, Zhengdong Lu, Hang Li, and Qingcai Chen. 2015. Convolutional neural network architec-
tures for matching natural language sentences. CoRR, abs/1503.03244.

Xin Liu, Qingcai Chen, Chong Deng, Huajun Zeng, Jing Chen, Dongfang Li, and Buzhou Tang. 2018.
LCQMC:a large-scale Chinese question matching corpus. In Proceedings of the 27th International
Conference on Computational Linguistics, pages 1952-1962, Santa Fe, New Mexico, USA, August.
Association for Computational Linguistics.

Xuezhe Ma, Zecong Hu, Jingzhou Liu, Nanyun Peng, Graham Neubig, and Eduard H. Hovy. 2018.
Stack-pointer networks for dependency parsing. In Iryna Gurevych and Yusuke Miyao, editors,
Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics, ACL 2018,
Melbourne, Australia, July 15-20, 2018, Volume 1: Long Papers, pages 1403—1414. Association for
Computational Linguistics.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Gregory S. Corrado, and Jeffrey Dean. 2013. Distributed
representations of words and phrases and their compositionality. In Christopher J. C. Burges, Léon
Bottou, Zoubin Ghahramani, and Kilian Q. Weinberger, editors, Advances in Neural Information
Processing Systems 26: 27th Annual Conference on Neural Information Processing Systems 2013.
Proceedings of a meeting held December 5-8, 2013, Lake Tahoe, Nevada, United States, pages 3111—
3119.

Lili Mou, Rui Men, Ge Li, Yan Xu, Lu Zhang, Rui Yan, and Zhi Jin. 2016. Natural language inference
by tree-based convolution and heuristic matching. In Proceedings of the 54th Annual Meeting of
the Association for Computational Linguistics, ACL 2016, August 7-12, 2016, Berlin, Germany,
Volume 2: Short Papers. The Association for Computer Linguistics.

Ilya Sutskever, Oriol Vinyals, and Quoc V. Le. 2014. Sequence to sequence learning with neural networks.
In Zoubin Ghahramani, Max Welling, Corinna Cortes, Neil D. Lawrence, and Kilian Q. Weinberger,
editors, Advances in Neural Information Processing Systems 27: Annual Conference on Neural
Information Processing Systems 2014, December 8-13 2014, Montreal, Quebec, Canada, pages 3104—
3112.

Petar Velickovié, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro Lio, and Yoshua Bengio.
2017. Graph attention networks. arXiv preprint arXiv:1710.10903.

Zhiguo Wang, Wael Hamza, and Radu Florian. 2017. Bilateral multi-perspective matching for natural
language sentences. In Carles Sierra, editor, Proceedings of the Twenty-Sixzth International Joint
Conference on Artificial Intelligence, IJCAI 2017, Melbourne, Australia, August 19-25, 2017, pages
4144-4150. ijcai.org.

Xiao-Dan Zhu, Parinaz Sobhani, and Hongyu Guo. 2015. Long short-term memory over recursive
structures. In Francis R. Bach and David M. Blei, editors, Proceedings of the 32nd International
Conference on Machine Learning, ICML 2015, Lille, France, 6-11 July 2015, volume 37 of JMLR
Workshop and Conference Proceedings, pages 1604-1612. JMLR.org.

215 - 224 2020 10 30 1 1
(c) 2020





